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ABSTRACT
The field of experimental toxicology is rapidly advancing by incorporating novel techniques and methods that provide a
much more granular view into the mechanisms of potential adverse effects of chemical exposures on human health. The
data from various in vitro assays and computational models are useful not only for increasing confidence in hazard and risk
decisions, but also are enabling better, faster and cheaper assessment of a greater number of compounds, mixtures, and
complex products. This is of special value to the field of green chemistry where design of new materials or alternative uses
of existing ones is driven, at least in part, by considerations of safety. This article reviews the state of the science and
decision-making in scenarios when little to no data may be available to draw conclusions about which choice in green
chemistry is “safer.” It is clear that there is no “one size fits all” solution and multiple data streams need to be weighed in
making a decision. Moreover, the overall level of familiarity of the decision-makers and scientists alike with new
assessment methodologies, their validity, value and limitations is evolving. Thus, while the “impact” of the new
developments in toxicology on the field of green chemistry is great already, it is premature to conclude that the data from
new assessment methodologies have been widely accepted yet.
Key words: alternatives to animal testing; in vitro and alternatives, predictive toxicology; systems biology; methods.

Considerations that go into “green chemistry” decisions,
more precisely defined as assessments of chemical alternatives, inevitably must include concerns regarding human
health. The traditional hazard identification step still applies
because the adverse health endpoints and the sources of
data are largely identical. Assessments of chemical alternatives, however, typically are based on a comparative approach do not include dose-response or weight-of-evidence
mechanistic evaluations. Assessments of chemical alternatives “is different from a safety assessment, where the primary goal is to ensure that exposure is below a prescribed
standard; different from risk assessment, where risk

associated with a given level of exposure is calculated”
(National Research Council, 2014).
Hazard identification relies on multiple data streams. These
include human epidemiologic or experimental studies, animal
bioassays, and increasingly numerous in vitro and in silico novel
assessment methodologies (Rusyn and Daston, 2010). The
National Academies reports Toxicity Testing in the 21st Century
(TT21C): A Vision and a Strategy (National Research Council, 2007)
and Using 21st Century Science to Improve Risk-Based Evaluations
(National Academies of Sciences, 2017) endorsed the use of
novel assessment methodologies in decision-making. Similarly,
advances in chemistry and material sciences create new
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opportunities for more green chemistry and use of alternative
materials in products and processes.
Although it is clear that assessments of alternatives will
benefit from more information, it is less obvious how exactly
data derived from novel assessment methodologies—can fit
into decision-making, or whether “more information” equates
to “better information”. Identification of the needed data types
and the tools to be used to analyze these data, as well as a clear
understanding of how different data streams will be used in the
assessment of alternatives should be clearly identified by the
user during the early scoping stage of the process. No blueprints
and only some examples exist of how in vitro data can be incorporated into benchmarking approaches to assess health hazards. Experimental and computational tools to generate and
integrate novel data streams into the process of assessing alternatives is assuming growing importance; however, the uptake
of these data for decision-making on environmental and commodity chemicals is lagging, especially in the context of green
chemistry and use of chemical alternatives.
This review summarizes the findings of the National
Academies’ Committee on the Design and Evaluation of Safer
Chemical Substitutions with respect to the use of in vitro data
and in silico models for chemical alternatives assessments
(National Research Council, 2014). The committee concluded
that these data are most useful as primary data in human
health hazard assessments and to fill data gaps. Importantly, it
was concluded that “the approaches used for novel data
streams, especially the broad range of end points provided by
high-throughput assays, may be less amenable to a formal classification scheme”. Instead, it was envisioned that “user-defined decision rules and principles will likely guide
incorporation of these data into the alternatives assessment
process. As a result, the expert, judgment-guided discussions
with regulatory bodies may need to remain flexible depending
on the type of chemical alternatives assessment.”

CONCEPTUAL PROPOSALS FOR THE USE OF IN
VITRO DATA AND IN SILICO MODELS TO
ASSESS HUMAN HEALTH HAZARDS
One risk assessment approach aimed at deriving a level of human intake or exposure to a chemical that is perceived to be of
negligible risk, despite the absence of chemical-specific toxicity
data, is the Threshold of Toxicological Concern (TTC) (Cramer
et al., 1978). The classification of chemical substances of concern
had been originally developed to qualitatively assess the risk of
low-level substances in the diet, but is now used frequently to
determine whether a comprehensive risk assessment is required for a broad range of chemicals. It is used as a means of
waiving testing based on knowledge of exposure limits. A number of decision trees (Roberts et al., 2015), databases
(Tluczkiewicz et al., 2011), and software packages (Bhatia et al.,
2015) have been developed that can aid TTC assessments for
new chemicals (Roberts et al., 2015). The application of the TTC
approach to a broader universe of chemicals and routes of exposure has been the main focus of recent research, along with
a number of proposals for the revision of the decision tree to
derive a TTC (Tluczkiewicz et al., 2016).
In addition to the existing approaches like TTC, it is now feasible to obtain complex data on hundreds, if not thousands, of
chemicals (Collins et al., 2008; Kavlock et al., 2012; Tice et al.,
2013). The field of environmental health sciences is nearly
unanimous in the opinion that human and environmental
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health decisions will be made with new data; however, there
are differences in the view on when and how a transition from
traditional in vivo data to new assessment methodologies
should occur and what type of a decision (ranking/prioritization
for further traditional testing, making choices about alternatives, etc.) is most appropriate (Andersen and Krewski, 2009,
2010; Krewski et al., 2011).
Furthermore, in silico tools for predicting adverse effects
have existed for several decades. Most of these methods have
focused on hazard identification. The concept of chemical similarity has been used to develop a variety of methods to predict
chemical-induced responses based only on chemical structure,
or on a combination of chemical and biological information
(Greene and Song, 2011; Grimm et al., 2016, 2017; Low et al., 2014;
Rusyn et al., 2012). Indeed, read-across analyses (Enoch et al.,
2008; Hewitt et al., 2010; Voutchkova et al., 2010) are easily adoptable for assessments of chemical alternatives.
The following are examples of approaches that make use of
in vitro data in human health assessments that also are useful
with respect to assessments of alternatives:
1. Crump et al. (2010) argued that in vitro data can be used in
ways similar to current process of risk assessment, except
that additional safety factors may need to be applied to account for extrapolation from in vitro to in vivo. The authors
also argued that pathways-based models of toxicity
(National Research Council, 2007) may not be useful for
quantitative decision-making. The statistical variability inherent in complex models may hinder their ultimate utility
for estimating small changes in response. Furthermore,
such models involve empirical modeling of dose-responses.
2. Judson et al. (2011) proposed using in vitro data and pharmacokinetic models, coupled with estimates of population variability and uncertainty, to estimate the human dose at
which a chemical may significantly alter a biological pathway in vivo, a socalled biological pathway altering dose. This
approach draws parallels between a chemical-associated
perturbation of a pathway as observed in in vitro assays and
a key event in the chemical’s mode of action that may lead
to an adverse health outcome. This approach offers an opportunity to not only compare alternatives with regards to
the potential of human health hazard, but also take into account the quantitative and variability aspects of the underlying adverse effects.
3. Thomas et al. (2013) reasoned for a step-wise decision tree
that incorporates in vitro assays, toxicokinetic modeling and
short-term animal data into toxicity testing and risk assessment in an integrated fashion. Tier I of this approach
informs the use of in vitro data in chemical alternative assessment. This phase uses in vitro assays to rank chemicals
based on their relative selectivity in interacting with biological targets that have been associated with known toxicity
outcomes and to identify the concentration at which these
effects occur. Reverse toxicokinetic modeling and in vitro-toin vivo extrapolation modeling (Wetmore, 2015) can then be
used to convert in vitro concentrations into external dose for
derivation of the point-of-departure values. The latter can
be compared with human exposure data or estimates
(Wambaugh et al., 2013) to yield a margin of exposure.
4. The use of toxicokinetic information as a sufficient consideration in and of itself to enable rapid decisions on the risk of
chemicals has been extended by Wambaugh et al. (2015)
through the proposal for high-throughput physiologically
based toxicokinetic model that predicts nonsteady-state
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chemical concentration time-courses for a variety of exposure scenarios. The authors used this model to propose a
4-element framework for chemical toxicokinetic triage that
can group chemicals into categories based on varying levels
of confidence in predictions of exposure, an approach that
may be useful for triaging chemicals for which highthroughput toxicokinetic predictions may be sufficient, and
identifying those that may require additional experiments
to collect appropriate data.
5. The U.S. EPA’s Advancing the Next Generation of Risk
Assessment program (Cote et al., 2016) considered options
for how novel biological data and methods could better inform decision-making. New data and methods including
transcriptomics, genomics, and proteomics; methods included molecular epidemiology and clinical studies, bioinformatic knowledge mining, pathway and network analyses,
short-duration in vivo and in vitro bioassays, and quantitative
structure activity relationship (QSAR) modeling were applied
and evaluated for use in hazard identification and doseresponse assessment. It was concluded that considerable
uncertainties notwithstanding, application of new knowledge to risk assessment is warranted for the whole spectrum
of decision contexts, from major scope assessments to prioritization and screening of very data limited chemicals.
6. The use of the in vitro and other novel data in the framework
of the Adverse Outcome Pathway (AOP) is gaining interest
with respect to decision-making applications (Edwards et al.,
2016). The AOP concept has been proposed by the
Organization for Economic Cooperation and Development
(OECD) as a vehicle for linking the molecular screening and
mechanistic toxicology data to in vivo adverse events of interest in human health and environmental assessments by
describing a sequential progression from the chemical to the
molecular initiating event, to the cellular, organ, organism
and population response that underlies the in vivo outcome
of interest (OECD, 2017). The overarching goal in using AOPs
is to reduce the uncertainty in decision-making by identifying key intermediate events and quantitatively linking them
to final adverse outcomes relevant to risk assessment. AOP
framework provides transparency, allows for assessment of
mechanistic probability, and enables hypothesis-based and
decision context-relevant in vitro and in silico testing of a
large number of chemicals. Conceptually, the AOP framework may therefore be very useful should a defined set of
“adverse outcomes” be identified, eg, the types of adverse
human health effects that are traditionally used in making
“alternatives” or “design” chemical hazard assessment
decisions.

USE OF NOVEL ASSESSMENT
METHODOLOGIES-DERIVED DATA AND IN
SILICO MODELS AS PRIMARY EVIDENCE
The National Toxicology Program Report on Carcinogens considers “studies on genotoxicity (ability to damage genes)” to be
important evidence for the cancer hazard evaluation (National
Toxicology Program, 2011). Many in vitro assays are available
and widely used to test for the potential of a chemical to be genotoxic or mutagenic and a battery of well-defined tests is necessary for regulatory consideration of drugs and other chemicals
(Doak et al., 2012). Indeed, many OECD guideline protocols for
genotoxicity assessment have been established (Pfuhler et al.,
2007) and a combination of the Ames test and in vitro
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micronucleus assay can identify 78% of compounds known to
be genotoxic in vivo (Kirkland et al., 2011). Standard OECDapproved assays are not meant for high-throughput testing and
additional assays that can be used for screening of large chemical libraries are under evaluation (Fox et al., 2012; Yamamoto
et al., 2011).
The utility of novel experimental tools to draw conclusion
on the genotoxicity and potential tumorigenicity of a chemical
has limitations (Benigni, 2013; Mahadevan et al., 2011); however,
these assays can be used in a context of a comparative assessment. Similarly, the regulatory application of promising computational methods (eg, QSARs, Structure-Activity Relationships
(SARs) and/or expert systems) for the evaluation of genotoxicity
is growing, especially for impurities with limited to no information. A number of commercial and open-source statistically
based and knowledge-based (expert system) tools are available
and widely used (Fioravanzo et al., 2012). Computational models
to assess the genotoxic potential of impurities in pharmaceutical products in the absence of experimental evidence are now
incorporated
into
the
International
Community
on
Harmonization (ICH) M7 guidelines (http://www.ich.org; last
assessed September 20, 2017). Although OECD guidelines exist
for the validation and regulatory acceptance of (Q)SAR models,
ICH M7 remains the only specific mention of the use of these in
silico approaches as part of a regulatory guidance document.
The prohibition on placing animal-tested cosmetics on the
market in Europe after 2013 created a tangible impetus to develop and validate alternative methodologies that can replace
traditional in vivo tests (Adler et al., 2011). Not only were new
methods developed, but a major effort was invested in developing reference databases and chemical lists to enable validation
of the new methods to ensure that they can be used with confidence (Barroso et al., 2017), as well as in silico models for predictions of various aspects of dermal toxicity (Alves et al., 2015b).
However, the opinions vary widely as to whether replacement
of the current in vivo animal tests used for the safety assessment of cosmetic ingredients for skin sensitization and other
outcomes is attainable. Although many experts agree that
hazard-based classification of substances can be achieved
based on in vitro tests an in silico models as primary data, estimations of the relative potency of a chemicals and their toxicokinetic profiles would carry considerable uncertainty (Maxwell
et al., 2014).
Finally, with the observed correlation between the onset of
the proarrhythmic event Torsade’s des Pointes and an observed
prolongation of the QT interval, ie, the time from the beginning
of the QRS complex to the end of the T wave of the electrocardiogram, most new pharmaceutical molecules are now required
to undergo extensive testing to determine their effect on the QT
interval. Part of this assessment includes the in vitro assessment
of a chemicals ability to inhibit the IKr ionic current through the
IKr channel as encoded by the hERG gene. This requirement is
described more fully in the ICH S7B guidelines. However, it
should be noted that inhibition of the hERG channel in isolation
of a more comprehensive risk assessment is not indicative of
being primary evidence for proarrhythmic risk.

USE OF IN VITRO DATA AND IN SILICO
PREDICTIONS TO FILL DATA GAPS
Structure-based computational tools can be used to fill in certain data gaps. There has been a dramatic rise in the number of
in silico models developed for human and environmental effects
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as a result of large curated databases of toxicological information and increases in computational power. Health effects that
now have in silico models developed for them include carcinogenicity (Contrera et al., 2007), hepatotoxicity (Greene et al., 2010),
reproductive and developmental effects (Matthews et al., 2007;
Wu et al., 2013), and skin sensitization (Alves et al., 2015a,b;
Patlewicz et al., 2013).
Similarly, read-across can also be used to fill data gaps in
chemical alternative assessment. Read-across is a process that
uses the physicochemical properties and chemical structure of
a chemical or group of chemicals that have been well studied
toxicologically to infer the potential for toxicity of another similar chemical that lacks adequate toxicological data. For example, for almost 2 decades, some organizations have been
qualitatively treating the toxicity of chemicals that bear close
structural similarity to dioxin 2,3,7,8-tetrachlorodibenzo-p-dioxin and that meet certain criteria of being “dioxin-like” as producing the same type of toxicity as dioxin (Van den Berg et al.,
2006).
With the publication of the European Union Registration,
Evaluation, Authorization and Restriction of Chemicals (REACH)
regulations read-across approaches have received more attention because they can help satisfy the information requirements under these regulations. The general concept of readacross has now been accepted by the European Chemicals
Agency (ECHA) and Member State Authorities (Patlewicz et al.,
2013). ECHA has recently published a framework by which it
evaluates read-across submissions under REACH (European
Chemicals Agency, 2015).
However, in conducting read-across or other types of chemical structure-based assessments it is important to include a
consideration of the physicochemical properties of the comparator compounds. The role of hydrophobicity and other physicochemical properties of a molecule can influence its
bioavailability, metabolic stability, tissue distribution, rate of
clearance, and ultimate toxicity. These associations have been
detailed in the publications by Lipinski et al. (Lipinski, 2016) who
developed the Lipinski’s Rule of 5. Properties such as a compound’s octanol/water partition coefficient (LogP) have a profound influence on drug potency, pharmacokinetics and
toxicity (Cronin, 2006; Leeson and Springthorpe, 2007). A crossindustry review (Waring et al., 2015) of pharmaceutical successes and failures showed there to be a small but statistically
significant difference in the LogP values for those compounds
that were terminated for clinical safety and those that went on
to later stages of the development process.
High-throughput in vitro data can also be used to fill certain
primary data gaps (eg, data gaps for particular health endpoints)
or for replacing some animal tests. For example, in vitro assays
of nuclear receptors, cytochrome P450 enzymes, G proteincoupled receptors, and cell signaling pathways were informative in predicting rodent reproductive and developmental toxicants (Martin et al., 2011; Sipes et al., 2011). It was demonstrated
recently that results from 18 estrogen receptor ToxCast highthroughput screening assays and a computational model that
can discriminate bioactivity from assay-specific interference
and cytotoxicity can substitute for the rat uterothrophic assay
(Browne et al., 2015; Judson et al., 2015).
Availability of novel in vitro data and in silico predictions also
requires new approaches to integrative data analysis, where diverse information is presented and assessed in a comprehensive manner. The exponentially increasing quantities and
sources of new toxicity testing-derived information must be anchored to well-studied historical toxicity data. The methods

Downloaded from https://academic.oup.com/toxsci/article-abstract/161/2/276/4161475
by Texas A&M University user
on 02 February 2018

|

279

used for integrative analysis must be flexible and easily communicated to all stakeholders, including regulators, and there is
a need to automate a read-across process to combine both
chemical and biological factors, while keeping the process
transparent for expert interrogation (Berggren et al., 2015). To
address these challenges, several approaches to visualize multidimensional information have been developed (Figure 1). For
example, Low et al. (2013) proposed a hazard classification
and visualization method (Figure 1A) that draws upon both
chemical structural similarity and comparisons of biological
responses to chemicals evaluated in multiple in vitro assays
(“biological” similarity). Specifically, this approach interpolates each compound’s potential for toxicity from those of
chemical and biological “analogues” where similarities are
determined by the Tanimoto coefficient. The ToxPi framework (Reif et al., 2010, 2013) provides a visual translation of
the integration and weighting scheme for chemical and substance prioritization, while providing statistical metrics of
robustness and uncertainty associated with the decision
(Figure 1B).
The ToxPi has been used as data-integrating approach
(Grimm et al., 2016) of grouping chemically complex substances
(products of petroleum refining) to demonstrate how novel data
streams could be used as primary data in human health assessments or to fill data gaps across a broad range of domains, including health. Indeed, read across using chemical-biological
data integration has been an approach aimed at bridging novel
data streams and chemical biology and structure-activity
modeling (Greene and Song, 2011; Low et al., 2013, 2014).
Interpretation of such multidimensional data sets is not limited
to biological and/or chemical property-derived groupings for
regulatory applications, but is also informative for mechanistic
toxicity evaluations.

THE USE OF IN VITRO DATA TO SCREEN OUT
POSSIBLE UNINTENDED CONSEQUENCES
One goal of alternatives assessment is to “reduce unwanted
consequences” of chemical alternatives. This goal is also shared
by the pharmaceutical industry especially in the drug safety
evaluation step. The pharmaceutical industry routinely uses
in vitro tests and high-throughput screening for evaluation of
drug candidates (MacDonald and Robertson, 2009). In vitro highthroughput screening and toxicogenomics appear promising in
the screening of data-poor chemical alternatives for modes of
action that may contribute to hazard identification and doseresponse assessments.
One area in which in vitro data may be useful is in the evaluation of human variability. Human variability underlies differences in the degrees and ways in which people respond to
environmental chemicals and addressing these differences is a
key consideration in human health risk assessments for chemicals (National Research Council, 2009). Assessments of alternatives may take advantage of novel in vitro data to both
characterize and quantify variability (Eduati et al., 2015; Zeise
et al., 2013). The utility of in vitro population-based models to
toxicology, especially for exploring the extent and nature of genetic components of interindividual variability in pharmacodynamics, was recently demonstrated (Abdo et al., 2015a,b; Lock
et al., 2012; O’Shea et al., 2011). Quantitative high-throughput
screening for cytotoxicity endpoints can be used for variability
assessment in concentration-response, to explore the potential
genetic determinants of the variability, and to derive mode of
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Figure 1. Data integration and visualization approaches applicable to novel toxicity data streams. A, Analog read across through multi-dimensional analysis of chemical and biological data (Low et al., 2013). B, ToxPi-based category read-across (Reif et al., 2010, 2013).

action hypotheses for follow-up analyses. The development
and use of these and other types of in vitro assays, including
organotypic and microphysiological culture systems, would be
further informed by quantitative comparisons of the interindividual variability measured in vitro with observable human variability in vivo. Interindividual variability in response to
chemicals in in vitro assays could also be compared with in vivo
human pharmacodynamics variability data.
Use of human genetic data to identify populations that are
more susceptible to certain types of toxicants is an area of

Downloaded from https://academic.oup.com/toxsci/article-abstract/161/2/276/4161475
by Texas A&M University user
on 02 February 2018

research that is in its infancy. However, with advances in the
area personalized medicine (Hamburg and Collins, 2010)
comes an increased knowledge of how chemicals interact
with a biological system and the potential for unintended consequences from exposure to chemicals. Indeed, the initial
results of modeling the linkages between the individual’s genotype and variability in toxicity from environmental chemicals and drugs are encouraging, even if the accuracy of the
predictions needs to be improved with additional data (Eduati
et al., 2015).
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LIMITATIONS OF USING IN SILICO AND IN
VITRO DATA IN ALTERNATIVES
ASSESSMENTS
The promise of the novel assays and computational methods is
difficult to underestimate; however, it is still not clear what is
the predictive power or classification accuracy of the in vitro
assays. It has been stated that the data from in vitro assays used
in isolation may not be superior to predictions from that of
QSAR models and aggregating the assays based on genes or
pathways may even lead to reduced predictive performance
(Thomas et al., 2012). Potential bias in the predictions from the
classification models have been noted, albeit this point is still a
subject of controversy (Dix et al., 2012; Knudsen et al., 2013).
Thus, the current high-throughput in vitro assays may still have
only limited applicability for chemical alternatives analysis and
risk assessment.
It is evident that the majority of environmental chemicals
being tested in large toxicity screening efforts likely exert toxicity via nonselective interactions with cellular macromolecules
(Judson et al., 2016; Thomas et al., 2013). Because most highthroughput assays incorporate extensive concentration ranges,
it is frequently observed that many biological targets are
“engaged” at, or near, cytotoxic concentrations (Judson et al.,
2016; Martin et al., 2010). Thus, one use of high-throughput assay-derived information may be for separating chemicals those
that are toxic via nonselective interactions and those that act
through selective interactions (eg, receptor-mediated effects).
Such separation according to relative “selectivity” may allow for
a more precise definition of the mode of action and the point of
departure for the agents that exhibit high selectivity towards
particular molecular targets in the screening battery, while for
the nonselective ones the elucidation of the exact mechanistic
events may be more challenging. In the context of chemical
alternatives analysis, should alternatives under consideration
exhibit varying levels of “selectivity”, a compound with higher
“selectivity” may be considered by the assessor as lower risk for
additional “off target” effects and thus be assigned a higher relative rank.
Similarly, there has been a significant increase in development of in silico models and the acceptance of these into regulatory guidelines as primary evidence of human health effects
has set the scene for further development in this area. However,
the acceptance and implementation of in silico models remains
highly variable and dependent on the health effect being predicted. This is partly due to the predictive performance of the
models for some health effects fall short of that required for
practical applications, but is also due in part to the fact that
most approaches only provide a binary prediction, ie the chemical will either cause the adverse effect or it won’t. The inability
to predict a plasma concentration that would be expected to illicit the toxicity ultimately limits the utility and incorporation
of in silico systems as a part of a risk assessment process or an
innovative design process as they often cannot differentiate between closely related structures when there is little or no safety
information available for comparison.
This limitation of in silico QSAR models has in part led to the
increased use of approaches like read-across. However, readacross approaches are not without their problems and it is often
necessary to understand the chemical drivers of the observed
toxicity in order to determine what chemicals are to be considered as similar enough in order to infer activity. There are numerous examples where single substitution differences can
have a profound effect on a chemicals toxicity profile, eg, the
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neurotoxicity of n-heptane versus n-hexane versus n-pentane
(Takeuchi et al., 1980).

CONCLUSIONS
In the past decade, the state of the science and decision-making
in scenarios when little to no data may be available to draw conclusions about which substances represent a “safer” option in
green chemistry applications has been transformed. Options exist based on the context of the decision and the availability of
resources, and range from the approaches that require little
new information to be collected, to extensive screening programs in cells, organotypic models, and whole animals, as was
recently detailed by another National Academies report
(National Academies of Sciences, 2017). It is clear that there is
no “one size fits all” solution and multiple data streams need to
be weighed in making a decision. Moreover, the overall level of
familiarity of the decision-makers and scientists alike with new
assessment methodologies, their validity, value and limitations
is evolving. Thus, while the “impact” of the new developments
in toxicology on the field of green chemistry is great already, it
is premature to conclude that the data from new assessment
methodologies have been widely accepted yet.
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